Extending a verb-lexicon using a semantically annotated corpus
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Abstract
This paper describes the association of an hierarchical verb lexicon, VerbNet, with a semantically annotated corpus, the Proposition
Bank. It focuses on comparisons of the syntactic coverage of the two resources as a method of evaluating their correspondence. Both
VerbNet and PropBank have explicit syntactic frames associated with each verb, which allowed an automatic mapping between the two
resources for almost 50,000 instances. We aim at both a quantitative and qualitative analysis of how the syntactic frames in VerbNet
reflect the syntactic frames that actually occurred in PropBank. VerbNet accounts for about 78% exact matches to these frames and 81%
somewhat more relaxed matches.

1. Introduction the linguistic intuitions motivating VerbNet are attested to
jn the actual data.

Linguists have believed for decades that a distributiona o
analysis of naturally occurring text is the key to unlocking 1 N€S€ two resources although built independently and
stemming from different sources are complementary in

many of the mysteries of how words are classified and in _ , _ o .
terpreted (Harris, 1962; Nevin, 2003). In spite of vast quanany ways, and this experiment provides significant in-
tities of digital forms of text, such an analysis is still tanta- SI9NtS on what is necessary to improve their robustness.

lizingly out of reach. Unsupervised machine learning tech-The resulting resource allows more effective training of sta-

niques have made hardly a dent in the awesome challengii?tical systems by facilitating generalization and back-off,

of semantic characterization of natural languages (Hears ,hus increasing their coverage. It also enriches the existing
1999; Riloff, 1993). shallow semantic annotation of PropBank with additional

We describe the association of an hierarchical verb lexSémantic predicates which will be useful to applications
icon, VerbNet (Kipper et al., 2000; Dang et al., 2000) such as Information Extraction, Question Answering and

with a semantically annotated corpus, the Proposition Banf1achine Translation.
(Kingsbury and Palmer, 2002), to produce a hybrid se-
mantic resource: an empirically motivated collection of 2. VerbNet
predicate-argument structures with corresponding class- VerbNet is an hierarchical verb lexicon with syntactic
based thematic roles and sets of semantic predicates. Wad semantic information for English verbs, referring to
focus on comparisons of the syntactic coverage of the twd.evin verb classes (Levin, 1993) for systematic construc-
resources as a method of evaluating their correspondendéon of lexical entries. It exploits the systematic link be-
Both VerbNet and PropBank have explicit syntactic framegween syntax and semantics that motivates these classes,
associated with each verb, which allowed an automati@nd thus provides a clear and regular association between
mapping between the two resources for almost 50,000 insyntactic and semantic properties of verbs and verb classes
stances. We aim at both a quantitative and qualitative analKipper et al., 2000; Dang et al., 2000). Each node in
ysis of how the syntactic frames in VerbNet reflect the synthe hierarchy is characterized extensionally by its set of
tactic frames that actually occurred in PropBank. This isverbs, and intensionally by syntactic and semantic infor-
done by assigning Levin-like verb classes to the separatmation about the class and a list of typical verb arguments.
senses in PropBank, and assigning thematic roles describ&dhe entry for each verb in a class is associated with the
for the verb classes to each PropBank argument. We presemtost suitable WordNet sense(s), (Miller, 1985; Fellbaum,
the criteria for matching the frames and the detailed results1998) with the same verb in a different class typically re-
VerbNet accounts for about a 78% exact match to theseeiving a different WordNet assignment. The argument list
frames and an 81% somewhat more relaxed match. Thisf each entry consists of thematic labels and possible selec-
result is quite promising given the difficulty of determin- tional restrictions on the arguments expressed using binary
ing a precise mapping from underlying semantics to overpredicates. The syntactic information in each verb’s entry
syntactic behavior (Levin and Hovav, 1995). maps the list of thematic arguments to the deep-syntactic
By comparing VerbNet's linguistically motivated sets of arguments of that verb (normalized for voice alternations,
syntactic frames for an individual verb with the actual dataand transformations). The semantic predicates list the par-
provided by PropBank, we can evaluate not only VerbNet'dicipants during various stages of the event described by the
coverage but its theoretical underpinnings. We can detesyntactic frame. An example entry for the cldmts18.1is
mine which of the expected syntactic frames and specifigiven in Fig. 1. The argument list of the lexicon consists of
prepositions occur and which do not, and also look for un-a set of 21 thematic roles used to map verb arguments for
expected occurrences. Moreover, we can measure how walll classes. Each verb argument is assigned one unique the-



Class hit-18.1

Parent —

Themroles| Agent Patient Instrument

Selrestr Agent[+int.control] Patient[+concrete] Instrument[+concrete]

Frames Name Example Syntax Semantics
Basic Paula hit the| AgentV cause(Agent, E)\
Transitive ball Patient manner(during(E),directedmotion,Agemt)

—contact(during(E), Agent, Patient)
manner(end(E),forceful, Agent)
contact(end(E), Agent, Patient)
Conative Paul hit at the| AgentV cause(Agent, E)\

window at Patient manner(during(E),directedmotion,Agemt)
—contact(during(E), Agent, Patient)

Figure 1: Simplified entry fohit-18.1class

matic role within the class. The thematic roles are defined D accept.01
to all verbs in a class, so verbs present in more than oneName take willingly
class may have different roles. The selectional restrictions VerbNet classeg 13.5.2 29.2 _
on the thematic role arguments are loosely based on the Eu- Number | Description
rowordnet Interlingua Index hierarchy (Vossen, 2003). 0 Acceptor
. . .. | Roles 1 Thing Accepted
The syntactic frames act as a short-hand description
. 2 Accepted-from
for the surface realizations allowed for the members o 3 Attribute
f[he cIa;_s. They de;pribe constructions such as transi.tiv Example [Arco He] wouldn't accept fra: any-
intransitive, prep05|t|0nal phrase gomplement, re;ultatlve, thing of value] from jrc> those he was
and a large set of Levin’s alternations. A syntactic frame writing about].
consists of the verb itself, the thematic roles in their pre-
ferred argument positions around the verb, and other lexical Figure 2: Partial view of frame faaccept

items which may be required for a particular construction
or alternation. Additional restrictions may be further im-
posed on the thematic roles (quotation, plural, infinitival,
etc.). Examples of syntactic frames akgent V Patient
(e.g., John hit the ballAgent V at Patienfe.g., John hit at
the window), andAgent V Patient[+plural] togethe(e.q.,
John hit the sticks together).

The semantic information for the verbs is expressed a
a conjunction of semantic predicates, suchmadtion, con-
tact, transferinfo. For the same verb, each different alter- :
nation typically has a slightly different set of semantic pred- 4. Syntactic Coverage
icates, although there is usually a substantial overlap within We performed an experiment to evaluate the syntac-
a class. The predicates can take arguments over the vetl§ coverage of VerbNet against the syntactic frames en-
complements, as well as over implicit existentially quanti-countered in a corpus. We used the Penn Treebank data,

equivalent to Agent and Argl is usually similar to Theme
or Patient. However, argument labels are not necessarily
significant across different verb meanings of the same verb,
or across different verbs.

The collection of Frameset entries for a verb is referred
go as the verb'srame As an example of a PropBank entry,
we give the frame for the verdicceptin Figure 2.

fied event variables. with PropBank annotation. At the time of the experiment,
PropBank has a total of 72,109 instances annotated, and
3. PropBank 48,639 of these instances, corresponding to 1,678 verb en-

tries in VerbNet (1,227 of the 3,004 lemmas), were used for
PropBank (Kingsbury and Palmer, 2002) is an annotathe evaluation. These entries comprised a large number of
tion of the Wall Street Journal portion of the Penn Treebank/erbNet classes (178 out of 191 classes).
Il with dependency structures (or ‘predicate-argument’
structures), using sense tags for each word and argumefitl. Finding the Syntactic Coverage of PropBank
labels for each dependency. An important goal is to pro- The goal of this evaluation is to verify the syntactic cov-
vide consistent predicate-argument structures across diffeerage of VerbNet against a resource created empirically and
ent syntactic realizations of the same verb, as imimelow  independently. We aim for both a quantitative and qualita-
in [ Arco John]broke [ 4rc1 the window]and[ arc: The  tive analysis of how the syntactic frames in VerbNet reflect
window] broke. the syntactic frames in PropBank, per verb and per class.
In PropBank, semantic roles are defined on a verb byrhese results highlight gaps and inconsistencies in both
verb basis. An individual verb’s semantic arguments areesources. We expected to detect the basic frames (e.g.,
simply numbered, beginning with 0. Polysemous verbsransitives, intransitives, ditransitives) for the classes, but
have severdiramesetscorresponding to a relatively coarse the syntactic coverage depends on the actual distribution
notion of word senses, with a separate set of numberedf frames in the corpus. As the results show VerbNet pro-
roles, a roleset, defined for each Frameset. Arg0 is roughlyided exact matches of syntactic frames in 78.63% of the



instances, and this result goes up to 80.90% if we allow for| Class 54.4Price
more relaxed criteria of matching, such as ignoring prepo-| Matches: 87.10% misses
sition mismatches, or allowing modifiers (PropBank uses | _Matches: 92.78% rev. misses _
the label ARGM to annotate modifiers). _ revised
For each class, we gather all the sentences in whic verb total | miss | (A) | (B) | (C) miss
. value 115 5] 107 | 110 | 101 2
verbs of that class appear (for example, for clBsEe- fix 43 5| a1l a1 39 5
54.4we would quk for all sentences of the verbalue rate 69 62 6 7 6 27
price, rate, etc. which are members of this class). Foreach| e 143 71134 136 | 133 7
sentence, we analyze the sentence structure and follow the estimate 223 3| 216 | 220 | 214 3
traces (a depth-first search in the treebank tree), we also assess 27 1] 24| 26| 23 1
undo transformations such as passive and create a simplér Totals 620 80 | 528 | 540 | 516 42
structure retaining the argument numbers from the original
sentence. Example (1) shows a sentence found in the anno- Table 1: Example of counts per class
tated corpus for the verdiccept and example (2) shows the
revised annotation for that sentence, after this treatment. Matching any mapped clags
A 38,246 (78.63%)
(1) wsj/00/wsj0051.mrg 15 18: B 39,292 (80.78%)
But the growing controversy comes as many practices C 35,519 (73.03%)
historically accepted as normal here — such as politi- (A-C) 39,351 (80.90%)

cians accepting substantial gifts from businessmen or
having extramarital affairs — are coming under close ethi-Taple 2: Results for the lexicon including exact and partial
cal scrutiny. matches

(2) [arco politicians] [..; accept] ire1 Substantial gifts]
[4rRG2_from businessmen] and mappings to VerbNet, 80 of which do not match un-

) ) der any of criteria (A)-(C). The next four columns indicate
We then retrieve the mappings between the argumenhe number of instances which match under the respective

labels and the thematic roles for each class and generatggqich criteria discussed above, and the final column, “re-
syntactic frame in a format similar to VerbNet from the cor- ised miss”, indicates the number of misses which cannot
pus sentence. Because a verb may be mapped to differepg accounted for by a match with one of the other verb
classes, different frames are generated (see example (3}asses to which the instance is mapped. The remaining

In this example, the verhcceptis mapped to two differ-  rows of the table indicate the breakdown of numbers by in-
ent classes(btain-13.5.2andCharacterize-29.2 Forthe  yividual verbs.

second class (29.2), there is no thematic role mapping for

ARG2. 4.2. Evaluation of VerbNet
(3) 13.5.2: Agent V Theme Prep(from) Source Since particular instances in the PropBank corpus are
29 2- AgentVTheme Prep(from) NP often mapped to more than one verb class we consider a

particular instance a “match” if it matches at least one of

Once the set of syntactic frames associated with all théhe verb classes to which it is mapped. Of course, whether
instances of verbs in a given class has been retrieved (tH¥ Not a particular instance matches a particular class again

“instance frames”), we assess their level of match to thélepends on which of the three criteria (A-C) discussed in
syntactic frames of that class present in VerbNet. To do thiséction 5.1 is used. Table 4.2. summarizes these results,

we allow an individual corpus instance (and its associatedVith (A-C) representing a match according to any one of

frame) to match the given verb class in three different waysthe three criteria.

It is expected that VerbNet will contain frames never

(A) exact match to a frame in the verb class (ignoring un-found in the PropBank corpus; of more concern, however,
matchable fragments such as modifiers, which do no&re those frames found in the corpus which VerbNet does

have mappings to syntactic elements in VerbNet);  not predict. Ideally, we would like each corpus instance to
match at least one of the verb classes to which it is mapped.
As can be seen from Table 4.2., 78.63% of the instances

(C) retaining modifiers (ARGMs) for LOC, DIR, and EXT bear an exact match (criterion A) to at least one of the
in the instance frame, with the following assumedframes in one of their mapped verb classes, and 80.90%

(B) match to any value for prepositions;

mappings to thematic roles: match at least one verb class by at least one of the three
LOC = Location, Destination, or Source match criteria (A-C). A few comments should be added re-
DIR = Destination, Location garding the different numbers resulting from the match cri-
EXT = Extent teria: we consider criterion (A) the baseline. criterion (B)

increases the match rate by allowing prepositions not an-
Table 1 shows results for claBsice-54.4and its mem- ticipated in VerbNet to match. Regarding criterion (C), we
bersvalue fix, rate, price, estimate andassess The last had no way of knowing a priori whether this criterion would
row indicates total results for the class. There are 620ncrease or decrease the match rate. In fact, adding the as-
instances present in the corpus with PropBank annotatiosumed thematic role mappings for modifiers significantly
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